How much do people differ in their abilities to recognize objects, and what is the source of these differences? To address the first question, psychologists have created visual learning tests including the Cambridge Face Memory Test (Duchaine & Nakayama, 2006) and the Vanderbilt Expertise Test (VET; McGugin et al., 2012) . The second question requires consideration of the influences of both innate potential and experience, but experience is difficult to measure. One solution is to measure the products of experience beyond perceptual knowledge-specifically, nonvisual semantic knowledge. For instance, the relation between semantic and perceptual knowledge can help clarify the nature of object recognition deficits in brain-damaged patients (Barton, Hanif, & Ashraf, Brain, 132, 3456-3466, 2009). We present a reliable measure of nonperceptual knowledge in a format applicable across categories. The Semantic Vanderbilt Expertise Test (SVET) measures knowledge of relevant category-specific nomenclature. We present SVETs for eight categories: cars, planes, Transformers, dinosaurs, shoes, birds, leaves, and mushrooms. The SVET demonstrated good reliability and domain-specific validity. We found partial support for the idea that the only source of domain-specific shared variance between the VET and SVET is experience with a category. We also demonstrated the utility of the SVET-Bird in experts. The SVET can facilitate the study of individual differences in visual recognition.
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Keywords Semantic knowledge . Visual object recognition . Measurement . Experience . Individual differences Individual differences have been almost completely overlooked in the study of general object recognition in neuro-typical populations. One exception is faces, due in part to the development of a standardized test of face memory with established reliability and validity: the Cambridge Face Memory Test (CFMT; Duchaine & Nakayama, 2006) . The CFMT reveals variability in face recognition performance across the spectrum of performance (Bowles et al., 2009; Germine, Duchaine, & Nakayama, 2011; Hedley, Brewer, & Young, 2011; Russell, Duchaine, & Nakayama, 2009) . Extending this line of research to objects, McGugin, Richler, Herzmann, Speegle, and Gauthier (2012) developed a battery of tests exploring individual differences in object recognition for a variety of nonface object categories: the Vanderbilt Expertise Test (VET). Most people have a lot of experience recognizing faces, but they vary much more in their experience individuating objects in other categories. Thus, individual differences in performance with objects are likely to reflect both domaingeneral ability and domain-specific experience. Like the CFMT, the VET is a visual learning test. It includes a variety of nonface object categories (in VET 1.0: birds, cars, planes, owls, wading birds, motorcycles, mushrooms, and leaves), and each subtest has good internal consistency (McGugin et al., 2012) .
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Although other object recognition tests focused on a single category (e.g., Dennett et al., 2012) , the inclusion of several categories in the VET battery makes it possible to isolate domain-specific skills, allowing researchers to partial out domain-general abilities (McGugin, Newton, Gore, & Gauthier, 2014; McGugin, Van Gulick, Tamber-Rosenau, Ross, & Gauthier, 2014) . However, a complication is that observers may possess more non-perceptual knowledge for some categories (e.g., names for some of the objects), and this knowledge may contribute to performance. This problem is hard to avoid with familiar objects in a domain of expertise, so here we seek to measure this knowledge rather than control it. We designed a battery of tests for measuring this sort of information: the Semantic Vanderbilt Expertise Test (SVET). The development of parallel VET and SVET batteries for the same domains will allow us to address several important issues.
One of these issues has to do with the validity of domainspecific object recognition measures. Prior work with the Vanderbilt Expertise Test (McGugin et al., 2012) argued that measuring performance with one object category was not sufficient to get a representative measure of object recognition ability. Because experience can influence performance, a domain-general ability is best understood as a latent construct that contributes to performance for many categories. But the VET can also be used to measure skill in a single domain, as in fMRI studies of expertise for cars (e.g., McGugin, Newton, et al., 2014; McGugin, Van Gulick, et al., 2014) . How do we validate the domain-specific component of a test for cars, birds, or mushrooms? What sort of evidence can suggest that are we tapping into a coherent domain of object knowledge, distinct from other categories? Here, using variance on the VET and SVET for the same categories, we can estimate whether there is category-specific shared variance between these two different types of measures, over and beyond what is shared across categories. This can provide convergent (within category, across task types) and divergent (within task type, across categories) validity for both the VET and the SVET.
A related issue is what this shared domain-specific variance across categories may represent. We postulate that the reason for shared variance between visual and semantic performance for a category (say cars), over and beyond differences shared with measurements for other categories (say birds or planes), is experience with that domain. A measure derived from performance to estimate experience eliminates problems associated with self-report measures (Zell & Krizan, 2014) . One drawback of self-reports is that the same question about experience can be answered on the basis of different dimensions depending on the specific category (Gauthier et al., 2014) . Here we will explore the link between these self-reports of experience and our estimates of experience derived from performance.
Finally, we wished to provide a nonvisual semantic test in a common format for many object categories-a tool for research that does not currently exist. Prior tests of semantic category knowledge present with some limitations. Some tests require visual knowledge as well as semantic knowledge (e.g., naming images; Barton, Hanif, & Ashraf, 2009 ). Others (e.g., Tanaka & Taylor, 1991) use subordinate-level object naming or feature listing, which is difficult for novices who simply may not have enough knowledge to list distinguishing features for many objects. Lastly, the structure of these tests is often specific to a single domain (e.g., name the manufacturer of a car model; Barton et al., 2009) , making them hard to use across categories.
The SVET battery seeks to provide a more versatile estimate of nonperceptual knowledge that can be used across a variety of object categories. The test was designed with the following attributes in mind: (1) it would measure semantic knowledge in a manner that is theoretically independent of visual knowledge; (2) it could be easily implemented for a wide range of object categories; and (3) it should discriminate across levels of performance over the entire continuum of experience with a category. Although for some applications one may desire a test to discriminate among experts in a particular area, here we also sought good discrimination in a larger range, from those with little experience up to individuals with a moderate to high amount of knowledge. Unlike most knowledge tests that are designed with experts in mind, we started with the goal of obtaining information about people at the low end of the continuum. It should be easier to add obscure nomenclature to increase the difficulty of tests for experts, but there is always a concern that below a certain minimal level of expertise, poor performers simply get lumped into an undifferentiated Bnovice^group. Research in some domains of expertise (e.g., chess) simply do not have reliable measures below a certain skill level (Bilalic, Langner, Erb, & Grodd, 2010; Bilalic, Langner, Ulrich, & Grodd, 2011) . In keeping with these goals, we mainly focused on testing subjects from the Bnormal^population (an undergraduate subject pool and a sample of workers from Amazon Mechanical Turk with US IP addresses), but in Experiment 2 we also test an expert population for one category. An inherent limitation of measuring domain-specific knowledge (which applies to the VET and SVET equally) is that the specific categories and items need to be relevant to the population studied (e.g., bird species and car models vary in different parts of the world). As is the case for face recognition tests, researchers working in other populations may need to create new measures but should be able to use the same general formats.
To achieve the above-mentioned goals, the SVET subtests measure knowledge of subordinate-level object labels and names for a given category. The decision to use knowledge of domain-relevant nomenclature as a proxy for semantic knowledge was motivated by the desire to find a format that would apply to a wide variety of categories for which other aspects of semantic knowledge may have very different structures (e.g., for living and nonliving objects). Although most semantic networks will include more than names, we assume that for most categories, the size of the semantic network is directly related to the size of the relevant vocabulary. Some models of object naming postulate that naming is a stage subsequent to semantic access (e.g., Bruce & Young, 1986) . Likewise, the interactive activation and competition model of object naming (Humphreys, Lamote, & Lloyd-Jones, 1995) links name representations directly to semantic representations. These models, and common sense, suggest that a reasonable assumption is that in most domains, people who have the richest semantic knowledge also know more names for objects in that domain. We do not have people name images of objects, as this would tap into both perceptual and nonperceptual representations. Instead, the SVET structure is similar to knowledge tests created to measure individual differences in print exposure: the Author Recognition Test and the Magazine Recognition Test (Stanovich & Cunningham, 1992) . In these tests, subjects must select the names of real authors (mostly novelists) and magazine titles among foils. The SVET uses a similar format of recognizing target names among foils, but employs a triplet (one target, two foils) trial structure to reduce guessing and allow for more precise design of easy and difficult trials based on foil selection. Stanovich and Cunningham also provide an example of using a theoretical framework to relate domain-specific and domain-general performance with domain experience to make inferences about why people differ, which is a framework we ultimately hope to use with the VET and SVET.
In Study 1, we describe how we created and refined the SVET for eight common object categories by testing iterations of each test in a large online sample from Amazon Mechanical Turk. We used classical item analyses, factor analysis, and measures from item response theory (IRT) modeling. We measured the reliability (internal consistency) and dimensionality (does the test measure a single body of knowledge?) of each category-specific SVET. We also validated the SVET with self-reports of domain experience to determine if the relation between performance and experience is domain-specific.
In Study 2 we then tested the SVET together with the VET for each category in a large laboratory sample. In addition, we measured face recognition ability (CFMT), which has been related to the VET in prior work (Gauthier et al., 2014; McGugin et al., 2012) , and fluid intelligence (Gf), which we postulated could predict the ability to acquire nomenclature. We also used a set of standardized questions (from Gauthier et al., 2014) relevant to experience with each category, to estimate domain-specific experience from self-report. In this dataset, we again looked at the reliability of each VET and SVET. We examined test validity in two ways: (1) is performance domain-specific (greater relation between VET and SVET or self-report experience for the same domain relative to other domains), and (2) does SVET performance separate novices from experts. Lastly, we tested whether the shared variance between VET and SVET can be understood as domain-specific experience.
In Study 3, we demonstrated the utility of the SVET in an expert population. We measured performance on the VET-Bird and SVET-Bird in a group of birders, asking if these measures demonstrate validity relative to self-reports of birding experience, and if the tests are sensitive enough to capture individual differences in visual and semantic knowledge among experts.
Study 1
The first stage of SVET development was creating an initial set of items and testing each set on Mechanical Turk (MTurk; https://www.mturk.com/, Amazon Web Services, Amazon. com Inc., Seattle, WA; see Crump, McDonnell, & Gureckis, 2013; Paolacci & Chandler, 2014) . We went through multiple iterations of data collection, item analysis and revision for each test (between 1 and 4 revisions per category). We also included three catch trials that were extremely easy in each test, to ensure that subjects were following instructions. Subjects who missed more than one catch trial were excluded from all analyses, which was rare (0 %-4 % of subjects per test).
Below we focus on the results on the final version of each SVET, for 116 MTurk subjects who completed the tests for all eight categories. In Study 2, we will present results for these same versions of the SVET used in testing 213 subjects in the laboratory, in conjunction with a modified version of the VET battery of visual learning tests (McGugin et al., 2012) , adapted to test the same categories as the SVET.
SVET design
Categories We selected a set of object categories with available subordinate-level names, including domains of typically greater interest to men or women, on the basis of prior VET results (McGugin et al., 2012) and intuition for new categories. We also wanted a mix of living things and artifacts. We created SVETs for nine categories and, on the basis of pilot testing, abandoned one of them (butterflies) as we could not produce enough items that were known to novices. Our final set consisted of: cars, planes, Transformers, dinosaurs, women's shoes, birds, leaves, and mushrooms.
Trials The SVET for each category consisted of 48 test trials and three catch trials. Each SVET test trial presented three names: one target name, a real subordinate-level name of an object in that category (e.g., Honda Civic, 737, blue jay, birch), and two foil names, which were either names from a different category not tested in any of the SVETs (e.g., types of rocks, grass, or viruses) or were entirely made up but plausible words for the given category. As compared to object naming, this trial format allows people with limited category knowledge to provide a response on each trial. Catch trials were very easy trials that followed the same format as the test trials, with real target names but much more obvious foil names (e.g., blue jay, JCPenney, lipstick). Catch trials were of particular interest for online testing, to exclude any subjects who did not read or understand the instructions or who lacked motivation. The orders of the trials and tasks were the same for all subjects, to prevent variance from order effects confounding the individual differences. In the SVET 1.0, trials were ordered from easiest to hardest on the basis of trial accuracy from earlier data. The SVET (and VET) battery is meant to be modular, so that selection of the subtests for specific domains can be adjusted on the basis of a research question. Table 1 gives examples of an easy, a medium, and a difficult SVET trial for each category (see the supplemental information for complete tests and information about the target items in each category).
Trial presentation On each trial, three object names (one real name and two foils) were presented in black type on a white background in the center of the screen, in a single row so that the middle name was centered, with the other two names to the left and right. The location of the correct response occurred with equal frequency in the left, right, and center locations. Subjects responded by clicking on a name, with no time limit. No feedback was provided, and subjects could not return to previous trials.
Individual test piloting and revisions
After designing an initial SVET for each category, data were collected independently for each SVET with subjects recruited from MTurk with restrictions that they were English speakers residing in the United States (N = 35-101 per test iteration, 1, 383 total).
For each version, we conducted informal item analyses on the data. We computed Cronbach's alpha, a measure of internal consistency, to assess the reliability of the measurements. Our goal was a minimum reliability of α > .7, and we especially monitored for large changes in reliability across versions, although reliability typically remained stable or improved with versions. As a minimal check for validity, we considered correlations between SVET performance and subjects' self-report of experience with that category (which were always positive and generally increasing with iterations). Using exploratory factor analyses based on polychoric correlations, we considered the dimensionality of each test-our goal was to make each test as unidimensional as possible so that test scores would reflect differences in primarily one type of knowledge across individuals. Therefore, if a test had two large factors, items for one of them were dropped and more items similar in nature to the items that loaded on the other factor were created. In other cases, one main factor was dominant and we replaced items that did not load well on that factor. It was not always clear what explained the various factors on a test. We changed or modified items with the goal to obtain a relatively even distribution of difficulty with as wide a range as possible, and to have foils chosen with similar probability. A foil that is rarely chosen can increase the chance level, if even those subjects with little knowledge never choose it. We also conducted exploratory analyses using two-parameter IRT models for each test (see Embretson & Reise (2000) , for an introduction to IRT). Such models produce item characteristic curves for each item, on the basis of a difficulty parameter and a discrimination parameter. We used these results to try to spread item difficulty through the range of subject ability, seeking items that would cover the entire range of subject ability. We selected items to maximize discriminability, to provide as much information as possible to separate observers who fall above and below the item's difficulty level. Any item with negative discriminability (people with a higher latent trait perform worse than those with a lower latent trait) was replaced. In a typical test revision, between five and 20 target or foil names were changed, but an entire trial rarely had to be dropped.
Testing all SVETs in a single MTurk sample
After revising each SVET separately, we conducted an online study in which all subjects completed the final SVET composed of all eight categories. This is the first test for the entire battery in the same subjects.
Subjects Subjects were recruited online on MTurk. The SVET-Car was posted first and subjects who completed the test without missing more than one catch trial and who obtained above chance accuracy (all but two) were invited to complete the other seven SVETs. The study was approved by the Vanderbilt IRB and subjects gave informed consent before the start of each test. Subjects were paid $0.75 for the SVET-Car and $0.10 for each of the other tests, but were awarded a $1.00 bonus for each of the seven additional tests if they completed the full set within 24 h ($8.45 total). All eight SVETs were completed by 116 subjects (48 male) 18-67 years of age (mean = 35.82, SD = 12.45). All but one of these subjects reported English as their native language, but all reported being English speakers residing in the United States. Subjects who completed only a subset of the SVETs (N = 9) or completed only the SVET-Car but did not accept the invitation to complete more tests (N = 22) were compensated without bonuses and are excluded from the analyses.
Procedure At the beginning of each SVET, we asked subjects to provide a rating of their experience with the object category (as in Gauthier et al., 2014; McGugin et al., 2012) . For example, the self-report for cars asked, BRate your expertise with: Cars. By expertise we mean your experience with, interest in, and knowledge about items in this category, relative to other people.^Ratings were on a whole-number scale from 1 (very much below average) to 9 (very much above average). Task instructions to select the real name were adjusted for each category to be as specific as possible (e.g., for birds, Bthe real, common name of a bird species found in North America^). Each SVET trial was then presented as three names printed across the screen until subjects responded by clicking on one of the three names.
Results and discussion No subjects were excluded due to poor catch-trial performance (the restriction criterion for catch-trial performance across all tests was accuracy of <.66), which was high across tests (.93-.99 for each test). The mean SVET performance and variability differed between categories, with cars and mushrooms showing the highest and lowest accuracy, respectively ( Table 2 , column 1). The greatest variability in accuracy was observed for cars and shoes, for which self-report of experience was the highest ( Table 2 , column 2), suggesting that greater amounts of experience with cars and shoes is reflected in the SVET score.
For all categories, we observed a significant correlation between SVET performance and self-report of experience with that category (Table 3 , column 1). SVET performance and experience within the same domain were always more highly correlated within a category (mean r = .37) than across categories (mean r = .05). In a further step, we asked how each SVET predicted the average of the experience ratings for the other seven categories, referred to as experience-Other (mean r = .08; Table 3 , column 2), and also how category experience predicted the average of SVET performance for the other seven categories, referred to as SVET-Other (mean r = .07; Table 3 , column 3). As is noted in Table 3 , the withincategory correlation was nearly always significantly stronger than any between-category correlation for SVET and experience (with the single exception of leaves for experience and SVET-Other). 
Summary of online testing
The SVET 1.0 battery produced acceptable reliability for most subtests (dinosaurs was lowest, at .63-see Table 2 , column 3).
The tests were generally difficult (with performance typically around or below 50 %, chance being 33 %). This is consistent with the fact that we did not recruit subjects with special knowledge in any of these categories, and the mean report of experience for all categories was below 5 (average). Speaking to the validity of the subtests as domain-specific, the correlation between a given SVET and self-report within the same domain was higher than the correlation between that SVET and experience for all other categories, or the correlation between experience for that category and all other SVETs. Study 2 was performed with a larger sample and with the equivalent visual tests (VETs), so we proceed to that dataset for more extensive analyses (including gender effects). The online dataset is available from the first author.
Study 2 Study 2 design
Five measures were used in Study 2, three domain-specific measures including an experience questionnaire (Gauthier et al., 2014) Hambrick, Meinz, & Oswald, 2007; Hambrick, Pink, Meinz, Pettibone, & Oswald, 2008) . Each domain-specific measure tested eight object categories in the following order: cars, birds, dinosaurs, shoes, planes, mushrooms, Transformers, and leaves. This order was selected in an effort to alternate typically male-and female-interest categories. Face recognition performance was measured using the CFMT (Duchaine & Nakayama, 2006) .
All subjects received the same order of tasks and trials (one exception was the experience questionnaire that had two orders). The experience questionnaire was given first, followed by the CFMT and the VETs (which do not include any object names), then the SVETs, and lastly the fluid intelligence tests. 1 Because this work concerns a novel test, our sample size was determined to be sufficiently large to detect effect sizes of r = .20 at more then 80 % power (Study 1). In the tradition of individual differences work, we do not correct for multiple comparisons but invite readers to focus on effect sizes (r values) rather then significance per se, especially in using the results to predict further work with the SVET.
Method

Subjects
A total of 217 subjects were recruited from the Vanderbilt University and Nashville communities; they gave informed consent and received course credit or monetary compensation for their participation. The study was approved by the Vanderbilt IRB. All subjects reported normal or corrected to normal visual acuity, were native English speakers, and had lived in the United States at least 10 years. Subjects were not specifically recruited for their interest in any of the tested categories; most subjects were students at the university. One subject was excluded for not completing all of the tasks and three subjects were excluded for below chance (.33) performance on two or more SVETs. Data are reported for 213 subjects (86 male) 18-55 years of age (mean = 22.49, SD = 6.31).
Equipment
The experiment was conducted in the laboratory on Apple Mac Minis with LCD monitors. The experience questionnaire was completed using REDCap electronic data capture survey In column 1, this is denoted with â if column 1 (within) is greater than column 2 (across-category experience), and with a * if column 1 (within) is greater than column 3 (across-category SVET), as tested using a one-tail Steiger's Z (p < .05) tools (http://redcap.vanderbilt.edu; supported by UL1 TR000445 from NCATS/NIH; Harris et al., 2009 ) hosted by Vanderbilt University. Subjects were allowed to sit a comfortable distance from the monitor (approximately 40 cm).
Tasks
Experience Questionnaire (modified from Gauthier et al., 2014) The questionnaire measures domain-general and domain-specific self-reported experience along several dimensions. First, subjects answered four domain-general questions, followed by seven domain-specific questions (Table 4 ). They answered the same question for each of the eight categories before moving to the next question. Even-numbered subjects completed the domain-specific questions in reverse order from the odd-numbered subjects, to minimize potential order effects. All questions were answered on a scale from 1 to 9, described for each question (1 = very little, 9 = a lot) except for duration of experience, which was answered from 1 (no interest) to 5 (6 or more years).
CFMT (Duchaine & Nakayama, 2006) Stimuli and procedure were the same as used by Duchaine and Nakayama (2006) in the CFMT. Stimuli were grayscale images of faces from varying viewpoints with and without added noise. Subjects study six target Caucasian male faces and then have to select those target faces among two distractors on each trial, despite variations in the target at test relative to study (new orientation, different lighting, or added noise). Following introductory trials, in all subsequent trials, subjects try to select the target face between two foils. There are three blocks of trials shown sequentially, with an opportunity to study the six target faces together on the screen again before each block. The first 18 test items (6 target faces × 3 presentations) show the faces in a view that is identical to that which was studied in the introduction (Block 1); the next 30 items (6 target faces × 5 presentations) use novel views (Block 2); and the last 24 items (6 target faces × 4 presentations) use novel views with the addition of Gaussian noise to keep performance off ceiling (Block 3). Subjects answered by pressing B1,^B2,^or B3^on the number pad. Images remained on the screen until subjects made a response.
VET 2.0 (modified from McGugin et al., 2012) Stimuli were all grayscale images of objects with varied backgrounds (see Fig. 1 ). Some of the subtests used here (dinosaur, Transformer, shoe, and passerine bird) were not included in the original set (McGugin et al., 2012) but were created in the same way to be paired with the SVET. Other subtests (car, plane, leaf, and mushroom) were revised (images and trials altered) from the original version to improve coverage of the range of performance and to reduce dimensionality (according to the same informal process described previously for the SVET; see the supplemental materials for additional information on the creation of the VET 2.0). Target objects did not overlap between the VET and SVET. That is, if an object (e.g., Audi A4) was one of the six target objects in the VET, the name of that object was not used as a target in the SVET. Objects that occurred in the VET only as a foil could be used as an SVET target.
The VET for each of the eight categories began with the presentation of a study screen showing an example of each of the six target objects (see Fig. 1 ). Subjects studied these objects for as long as they chose. No subordinatelevel labels were ever provided (a departure from the original VET, in which labels were provided for the six targets). The images were vertically centered on the screen: to the left of center, at center, and to the right of center. Subjects selected the target image by pressing B1,^B2,^or B3^on the keyboard, corresponding to the leftmost, center, or rightmost image, respectively. In the first 12 trials, the studied image of one target appeared with two foils, Table 4 Questionnaire of object experience, generally and with specific domains. Subjects provided self-reports of experience in response to each question on a scale from 1-9 for most questions and from 1-5 for duration of experience and feedback was provided (correct/incorrect). The study screen with the six target objects was shown again for an unlimited study time. Subjects then completed 36 trials with targets that were different examples of the same identities. Subjects were instructed that the target could now be a different image and to generalize across viewpoints, backgrounds, colors, or sizes, depending on the category. Subjects did not receive feedback on these trials.
SVET The stimuli and procedure of the SVET were the same as we previously described for Study 1, except that subjects indicated their response by pressing B1,^B2,^or B3^on the keyboard number pad.
Fluid intelligence The stimuli and tasks (Fig. 2 ) used in these tests were adapted from Redick et al. (2013;  see also Hambrick et al., 2007; Hambrick et al., 2008) . For each test, subjects had a time limit in which to complete as many trials as possible, and they were told to focus on accuracy rather than speed in completing the tests. There was no time limit on any specific trial, but a response was necessary to advance to the next trial, and subjects could not go back to prior trials. In each task, trials got progressively more difficult. Subjects responded using the keyboard number pad. Practice trials (two to five per task) were included at the start of each task with a short explanation of the correct response for each problem. No feedback was provided on any of the test trials.
Raven's Advanced Progressive Matrices (RAPM; Raven, Raven, & Court, 1998) The stimuli were matrices with one missing piece. Each matrix was a 3 × 3 array of objects with the lower right-hand object missing. The features of the objects in the matrix varied systematically (e.g., object shape, number of lines, direction of lines) according to a pattern. Subjects had to select which of eight objects would appropriately complete the matrix. Eight options were presented below the matrix, labeled 1 to 8. A subset of 18 trials selected from the full Advanced Matrices test (Raven et al., 1998) was used here. Subjects had 10 min to complete as many trials as possible, up to 18.
Letter sets (Ekstrom, French, Harman, & Dermen, 1976) The stimuli in each trial were five sets of four letters (e.g., BCCB, GFFG, LMML, QRRQ, WXXW). Four of the five letter sets followed a specific rule, and subjects had to select which of the five sets did not follow the same composition rule as the others. The sets were displayed in a row in the center of the screen and were labeled with the numbers 1-5. These rules were based on features such as alphabetical order, repetition, Fig. 1 Stimuli and test design for VET 2.0, with women's shoes and cars or the presence/absence of a specific letter. The subjects had 7 min to complete as many trials as possible, up to 30.
Number series (Thurstone, 1938) The stimulus in each trial was an array of 5-12 one-or two-digit numbers, selected and arranged so that when read from left to right, they followed a particular rule. Subjects had to select which of five (labeled 1-5) number answers would continue the pattern. The pattern governing the number array could apply to single numbers alone or to groupings of numbers in the series, and could follow either a numerical order (e.g., 1 2 4 1 2 5 1 2 6, interpreted as 124, 125, 126) or a mathematic function (e.g., 2 5 8 11 14 17, interpreted as +3 to each number). Subjects were given 5 min to complete as many trials as possible, up to 15.
Results and discussion
Accuracy, variability, and reliability for each measure
Visual and semantic tests Accuracy on all of the VETs and SVETs was above chance (.33) and not at ceiling ( Fig. 3 and Table 5 ). The accuracy distributions of VET and CFMT scores were generally negatively skewed, whereas the SVET scores were positively skewed, suggesting that the SVETs were more difficult. The visual measures, CFMT and VET, showed good reliability, measured as internal consistency (see the Cronbach's alpha values in Table 9 below). In general, the reliabilities of the SVETs were also good, with the exception of the SVET-Bird (α = .52) and SVET-Mushroom (α = .66), which were less reliable. Exploratory factor analyses with the maximum number of factors and polychoric correlation for each of the SVETs in Study 2 showed that SVET-Bird, -Mushroom, and -Dinosaur exhibited the most multidimensionality, which might also translate to lower test reliability. Multidimensionality suggests that a test measures more then a single source of individual differences-in revisions of the SVET, this would represent a target for improvement.
Experience self-report questionnaire Cronbach's alpha for the four domain-general questions regarding experience individuating objects was .65, suggesting a common construct. Self-reports of category experience for each category also demonstrated high reliability across questions (Cronbach's alpha for each category ranged from .83-.93, mean α = .88).
We computed nine experience aggregate scores for use in the later analyses: the average of the four general-experience ratings, and category-specific experience aggregates for each of the eight categories (average of the seven category-specific experience questions). Table 6 shows the correlations of reported experience in each domain with age and sex; we observed the largest sex effects in experience for all categories for which we expected a male interest, but women only reported more interest than men in women's shoes.
Fluid intelligence Performance on the three measures of fluid intelligence was calculated as the number of trials correctly answered within the time limit (number series, mean = 10.27, SD = 2.75; letter sets, mean = 18.08, SD = 4.12; RAPM, mean = 10.85, SD = 2.91). Each of the tests demonstrated high reliability, calculated with Cronbach's alpha (number series, α = .85; letter sets, α = .87; RAPM, α = .92; all three tasks, α = .92). As in prior work (e.g., Redick et al., 2013) , we used the aggregate score to estimate Gf.
Correlation between VET and SVET with experience
In prior work (e.g., Gauthier et al., 2014) , self-report of experience in a domain correlated poorly with visual performance, but we expected a stronger relationship with semantic knowledge, because such knowledge is more observable in other people. First, we consider the relation between VET and SVET scores, respectively with general experience individuating objects. VET performance was not strongly correlated with general experience. SVET performance for five of the categories (Transformer, bird, car, dinosaur, and leaf) showed a small but significant correlation with report of general experience individuating objects. Consistent with the idea that experience is largely useful as a domain-specific construct, all VETs (except mushrooms) and SVETs were significantly related to the domain-specific report of experience. All such correlations were significantly higher (Steiger's Z, p < .05) for the SVET (mean r = .44) than for the VET (mean r = .27).
These correlations suggest convergent validity for the domain-specific abilities measured by the VET and SVET. These relations are relatively specific to each category: The Columns show the mean sum score, 95 % confidence interval (CI), median, interquartile range (IQR), and skewness correlation between the VET and SVET for category experience was nearly always significantly greater (Steiger's Z, p < .05) within a category (with the VET and SVET for the same category) than across categories (with VET-Other and SVET-Other, the average of accuracy on the other seven categories for each test-see Table 7) , with the exceptions of the VET-Leaf and VET-Mushroom.
Age and sex effects
Age was only correlated with Gf and four of the SVETs (Car, Bird, Leaf, and Mushroom-see Table 8 ). The negative correlation between Gf and age is very likely due to sampling bias, since the majority of our subjects were from the university community and under 30 years of age, with aboveaverage Gf relative to the older subjects from the community. Women performed better than men on the CFMT (Bowles et al., 2009; Cho et al., 2015; Duchaine & Nakayama, 2006) . Our expectations for our four typical male-interest and four typical female-interest categories were largely borne out; however, the sex effect for male-interest categories was larger for SVET than for VET. For both VET and SVET, only shoes demonstrated a strong female advantage.
Correlation with face recognition and fluid intelligence
Interestingly, Gf and CFMT were positively correlated: Although this correlation was small, it has not been observed previously with other measures of intelligence or verbal ability (Davis et al., 2011; Hedley et al., 2011; Wilhelm et al., 2010; Wilmer et al., 2010) . Gf was also positively correlated with VET accuracy for most categories, although not significantly for cars or shoes. That VETs were more strongly related to Gf than to the CFMT could be due to the fact that unfamiliar faces had no names, whereas common objects did. Perhaps surprisingly, the correlation between Gf and SVET was generally smaller than with the VET and significant only for planes, Transformers, dinosaurs, and mushrooms. This is surprising given the similarity between some measures used to estimate premorbid intelligence, like the BSpot-the-Word^test (Baddeley, Emslie, & Nimmo-Smith, 1993) and the SVET. This suggests that the vocabulary knowledge tested in the SVET is much more sensitive to domain-specific experience than to domain-general influences. Even though the CFMT is a domain-specific test, we would expect experience to be somewhat saturated for faces relative to other domains, suggesting that CFMT may also be interpreted as an estimate of a domaingeneral visual ability (potential to learn a visual category given unlimited experience; see Gauthier et al., 2014) . As in prior studies (Gauthier et al., 2014; McGugin et al., 2012) , CFMT scores were positively correlated with VET performance for all categories, suggesting that a common visual ability contributes to performance on all of these visual tests, but the correlations are not large, presumably because of the influence of domain-specific experience. As had been found before (Gauthier et al., 2014) , the CFMT was not particularly distinct from the other visual tests (VETs): The average correlation between CFMT and the VETs was r = .26 (range = .19-.38) (Table 8) , whereas the mean pairwise correlation among the VETs was r = .33 (range = .09-.46) ( Table 9 , panel A). Interestingly, the CFMT's correlation was numerically stronger with the average performance on all eight VETs (VET-All, r = .40) than with any singlecategory VET, suggesting that aggregating the VET across categories reduces category-specific contributions. The correlation between CFMT and SVET performance (mean r = .08), a nonvisual measure, was on average weaker than the CFMT-VET correlations (mean r = .26, two-sided Fisher's Z = -2.69, p = .007).
Domain specificity of the VET-SVET relationship
We considered the relationships between performance on the VET and SVET within and between the eight categories (Table 9 ). Panel A of Table 9 reveals that nearly all VETs are positively correlated with each other, with the exception of VET-Bird and VET-Mushroom with VET-Car. The pairwise correlations between VET accuracy were r = .32 for all typical male-interest categories (cars, planes, Transformers, and dinosaurs) and r = .37 for typical femaleinterest categories (shoes, birds, leaves, mushrooms). However, these correlations were not on average much stronger than the correlations between VET categories across sex interests: r = .31 (e.g., VET-Car with VET-Shoe). Contrary to previous findings with the VET (McGugin et al., 2012) , in this sample and with these modified tests, we did not observe strong sex effects in VET performance.
Panel C of Table 9 reveals a strong positive correlation between all of the male-interest categories (mean r = .27), although for female-interest categories, SVET-Shoe performance appears to be unrelated to the living female-interest categories-birds, leaves, and mushrooms-which were all positively correlated with each other (mean r = .31). This suggests that although sex may predict domain-specific interest and experience, it is only one of several factors.
In considering the relations between VETs and SVETs, we were most interested in the link between the VET and SVET accuracy for the same category, which might indicate how common category experience contributes to both visual and semantic performance (panel B of Table 9 , diagonal). VET and SVET performance within domains was positively correlated for all categories, with six out of eight relationships being significant. For seven of the eight categories, excluding birds, we found that the VET-SVET correlation was stronger within than between categories (the average of performance on the other seven SVET categories). This difference was significant using Steiger's Z (p < .05) for cars, Transformers, and shoes. We also compared the relationship between the SVET and VET within a category versus across categories (average performance on the other seven VET categories). For five out of the eight categories, excluding birds, leaves, and mushrooms, the SVET-VET correlation was greater within than between categories, an effect that was significant using Steiger's Z (p < .05) for cars, Transformers, dinosaurs, and shoes.
Contribution of experience to within-category VET-SVET correlations
One of our goals was to understand the shared variance between visual and semantic performance, which we hypothesized stems from domain-specific experience. To understand the contribution of category experience to the correlation between VET and SVET performance, we performed several multiple regressions that progressively accounted for more factors that can account for the shared variance between the VET and SVET. After removing these domain-general influences, we asked whether the self-reports of experience with each category accounted for the remainder of the shared VET-SVET variance. The zero-order correlations between VET and SVET performance for each category are shown in Table 10 , column A. Column B presents the partial correlations between the VET and SVET performance residuals for each category with age, sex, and Gf entered simultaneously as predictors. In most cases, we observed only a slight decrease in the correlation coefficient once the influence of these factors was accounted for. The notable exception was the VET-SVET-Shoe relationship, which was substantially reduced from column A to column B. This reduction was almost entirely due to the contribution of sex, which was strongly correlated with both VET-Shoe and SVET-Shoe performance. Overall, age, sex, and Gf did not account for much of the shared variance between VET and SVET performance.
Next, we asked how much of the shared variance between VET and SVET for a category might be the result of a domaingeneral ability reflected in performance across all tests. Because experience is going to be correlated across some categories, this is likely an overly conservative procedure, removing more than only domain-general influences. For each VET and SVET, we created a noncategory score for each subject (VET-Other and SVET-Other), which was the average performance on the other seven categories for that test (e.g., SVET-Other for cars is the average of performance on all SVETs except SVET-Car). We then used VET-Other and SVET-Other as regressors to remove domain-general task performance from the VET-SVET relationship. Table 10 , column C, shows the partial correlations between the VET and SVET performance residuals for each category with age, sex, Gf aggregate and, in addition, VET-Other and SVET-Other entered as simultaneous predictors. Again, we observed very little change in the correlation between VET and SVET performance after accounting for domain-general effects.
We hypothesized that the remaining shared variance between VET and SVET came from domain-specific experience. To test this, we performed another regression including domain-specific experience as a predictor (Table 10, column  D) . Theoretically, if our hypothesis was correct and if our measure of category experience contained no measurement error (an assumption of mediation analyses that is almost universally violated; Baron & Kenny, 1986) , we would expect the Column A shows the zero-order correlations (also shown in Table 9 , Panel B, diagonal boxes). Column B shows the partial correlations with age, sex, and Gf regressed out. Column C shows the partial correlations with age, sex, and Gf, as well as VET-Other and SVET-Other performance, regressed out. Column D shows the partial correlations with age, sex, Gf , VET-Other, and SVET-Other performance, as well as the self-report category experience aggregate, regressed out correlation between VET and SVET to be completely eliminated by regressing out experience. In some cases (e.g., Transformers, dinosaurs, birds), this analysis suggests that more of the VET-SVET shared variance was accounted for by domain-specific experience (drop from column C to D) than by domain-general effects (drop from column A to C). But there were also categories for which domain-general factors were more important (shoes), and some for which the shared variance was very small in the first place (leaves, mushrooms). In two cases (cars and planes), the correlation coefficients in Table 10 , column D are still statistically significant, suggesting that variance was not explained by any of the regressors, including experience. One reason for this could be the imprecision of our experience measure (Gauthier et al., 2014) ; there may be aspects of domainspecific experience that we did not measure well with our questionnaire. In the supplemental materials, we explore one possible factor, the ability to use available verbal labels during the VET.
Study 2 conclusions
Our analyses provide evidence of acceptable reliability in several of the SVET subtests. Our results also provide evidence for the validity of the SVET subtests, and simultaneously of the VET subtests, as domain-specific measures, by showing that they correlate more strongly within a domain than across domains.
We extended use of the questionnaire of domain-general and domain-specific experience created by Gauthier et al. (2014) . Measurement of experience in a domain remains in its infancy but should be an important goal for future work in high-level vision, because of the undeniable contribution of experience in domain-specific performance on visual and nonvisual tasks. We found partial evidence for our hypothesis that domain-specific experience accounts for the correlation between visual and semantic knowledge, but a stronger test would require better measures of experience.
We also found more evidence for the claim in McGugin et al. (2012) that individual differences in visual object recognition cannot realistically be measured with a single object domain (e.g., Dennett et al., 2012) . Visual tasks that have equally high reliability can show quite different relations with measures of semantic knowledge that also have equally high reliability, as well as different relationships with fluid intelligence, age, sex, or estimates of experience. Finally, face recognition does not stand out as being particularly independent from the recognition of other objects: For instance, car and bird recognition shared less variance than did faces with any of the nonface object categories.
Study 3: Testing the SVET-Bird in expert birders
Studies 1 and 2 tested the SVET in samples that were not recruited with regard to their expertise for any category. The SVET appears to have sufficient range for these Bnormalŝ amples, but the SVET could also be useful for experts. In Study 3, we provide a case study with the SVET-Bird in subjects with considerably more expertise. In particular, we asked whether the SVET had sufficient range to discriminate individuals in such a population, and what the relation would be between the VET and SVET in experts. We were also interested in developing a more extensive questionnaire of experience specifically tailored to measure experience with birds.
We identified as many very good bird experts as we could from our available contacts, which essentially determined the sample size. Nonetheless, we had 80 % power of detecting an effect size of r = .35. In the tradition of individual-differences work, we did not correct for multiple comparisons, but invite readers to focus on effect sizes (r values) rather then significance per se, especially in using the results to predict further work with the SVET.
Method
Subjects We recruited 64 subjects by e-mail to participate in an online study. All subjects self-reported substantial experience in bird watching as a hobby or profession. The study was approved by the Vanderbilt IRB. As compensation, subjects who completed all parts of the study were entered in a lottery to win $50. Two additional subjects who began the study but chose not to complete all parts were not included. One subject who completed all parts was excluded because he or she misunderstood the VET instructions, resulting in below-chance performance. The data reported here are for 63 subjects (34 female, 29 male) 23-82 years of age (mean = 50.86, SD = 15.16). All subjects reported speaking English and living in the United States or Canada. Our subjects resided in several locations across North America, with clusters in British Columbia, upstate New York, Colorado, Utah, and Tennessee. All of the subjects specifically reported experience with passerine birds.
Procedure Subjects completed four tasks in the following order: an extended bird experience questionnaire for birders, the VET-Bird, the SVET-Bird, and the bird image-naming task from Study 2. The birder experience questionnaire first asked the same questions used in Study 2-four domaingeneral and seven bird-specific; all were on a scale from 1-9, except for the duration of interest in birds, for which subjects were asked to enter the number of years. We added 11 additional bird-specific questions-for example, how frequently subjects went birding, how often they planned vacations around birding, whether they belonged to birding groups, and approximately how many different types of birds they had observed in person while birding during their lifetimes (for the full set of extended birder questions, see the supplemental materials).
These tasks were completed using two online platforms: REDCap survey data collection tools were used for the experience questionnaire and bird-naming test, as in Study 2, and our own testing website for the VET and SVET. Subjects indicated their response by clicking on an image or name, instead of typing a number from 1 to 3.
Results and discussion
Accuracy on VET-Bird, SVET-Bird, and bird naming The birders performed very well on the VET-Bird, SVET-Bird, and bird naming (see the means and SDs in Table 11 ). No subjects were excluded due to catch trials. In this dataset, age and sex were correlated (r = .31, p = .02). This renders any relations between performance and age or sex difficult to interpret, so we will not consider these variables here.
Self-reported bird experience Responses on the extended bird experience questionnaire for birders revealed high levels of self-reported experience with birds, including many years of birding, as well as much time spent birding, looking at birds, and reading about birds (Table 11 ). On the basis of reports of the number of birds sighted during their lifetimes, frequency of birding (including on bird-related trips and vacations), and involvement in birding organization and events, we can be fairly certain that we sampled a group of truly experienced birders.
The seven bird-specific questions used in Study 2 again demonstrated high internal consistency (Cronbach's alpha = .82). We computed a bird-experience aggregate for each subject (basic bird aggregate) as the average of the Z-scored reports for each of the questions. The 11 extended bird questions The first column shows the mean and standard deviation for accuracy on each task, age, and self-reports of experience. The second and third columns give the correlations (r) between VET-Bird and SVET-Bird accuracy and each measure. Correlation coefficients shown in bold are statistically significant [r Crit (62) = .25, p < .05] specifically for birders also demonstrated good internal consistency (Cronbach's alpha = .59). The basic and extended questions were also correlated (average r = .40, Cronbach's alpha = .80). One question, age at which interest in birds/birding became intense, was poorly correlated with the other birder questions, whereas a similar question, age at which you became interested in birds/birding, was more consistent, so we removed the age intensity question from later analyses and did not include it in the aggregate measure. Using the other ten birder-specific questions and the seven basic bird experience questions, we computed an extended bird experience aggregate score for each subject as the average of the Z-scored reports for each of the 17 questions.
Interestingly, the domain-general experience aggregate score (the average of ratings on the four domain-general experience questions) was highly correlated with the extended bird experience aggregate (r = .69, p ≤ .0001). It is possible that with an expert population, asking about general experience with all objects still leads subjects to reflect on experience with their primary category of expertise. Still, domain-specific aggregate scores outperformed this domain-general experience measure in predicting VET and SVET scores.
Correlations between SVET-Bird and VET-Bird and experience Several of the category-specific experience questions (both in the original and extended sets) were related to VET and SVET performance individually. The aggregate experience scores for the original seven questions, as well as for the extended set, significantly predicted both VET and SVET performance (Table 11) . Interestingly, the category-specific overall expertise question (BRate your expertise with [category] considering your interest in, years of exposure to, knowledge of, and familiarity with [category]^) did just as well on its own as did these aggregates. This is consistent with previous findings (Gauthier et al., 2014; McGugin et al., 2012) that this omnibus question of expertise is remarkably informative given its simplicity, and here even in experts.
Correlations between VET-Bird and SVET-Bird and bird
naming Besides measures of experience, relationships with the bird-naming test can also provide further convergent validity. The number of birds correctly named was positively correlated with both VET-Bird and SVET-Bird performance (Table 11) . Bird naming was also strongly correlated with extended bird experience aggregate scores (r = .72, p ≤ .0001). To investigate the possible overlap between naming and these visual and semantic measures, we asked whether VET and SVET contribute independently to naming performance for birds. We performed a multiple regression on birdnaming performance, entering VET-Bird and SVET-Bird simultaneously as predictors (N = 59 after removing three subjects who had very large externally Studentized residuals [>2.5] in the correlation between VET and SVET; see the blue Xs in Fig. 5 ). The VET-Bird and SVET-Bird each made independent contributions to bird naming, and together accounted for 60.8 % of the variance (Table 12) . Adding the bird aggregate experience scores to this model led to an impressive R 2 adjusted of 71 %.
It is also useful to consider these expert data together on a continuum with nonexpert data to observe the spread of performance from novice to expert. Image naming is a task that has been used in prior expertise work (Barton et al., 2009) . Figure 4 shows VET-Bird and SVET-Bird accuracies with bird-naming scores for both the large sample of subjects collected at Vanderbilt University in Study 2 and the birders collected online in Study 3. Considering both groups of subjects together (N = 275), the correlations between each measure and naming were high [VET-Bird and bird naming, r(273) = .74, p < .0001; SVET-Bird and bird naming, r(273) = .93, p < .0001], although the strength of these relationships may have been driven primarily by large group differences between those who could not name any birds and those who could. Nevertheless, it is interesting to note the variability in performance for both a general and an expert sample.
Correlations between VET-Bird and SVET-Bird Among birders, performance was positively correlated on the VET-Bird and SVET-Bird, r(61) = .43, p = .005, suggesting that the tests are reasonably discriminative, despite approaching ceiling. We can also consider this relation for nonexpert subjects from Study 2 together with birders in Study 3, to ask whether the two tasks separate novices from experts. Considering both groups together (N = 278), the SVET-VET correlation for birds was high, r(276) = .70, p < .0001, but this was largely due to a separation of the two groups (Fig. 5) .
Study 3 conclusions
In Study 3, we tested the SVET-Bird in an expert population, as well as an extended questionnaire of experience with birds. Although birders' performance was high on all of the birdrelevant measures, there was sufficient individual variability to observe strong relationships between performance on each test and experience. For future work with experts, extended versions of the VET, SVET, and naming test with additional difficult trials to reduce ceiling effects for experts could help better resolve individual differences at the high end of performance. Critically, adding more difficult trials to the VET and SVET would be relatively easy, while trying to design an easier naming task that could better discriminate among novices would be much more difficult. Thus, if the goal is to measure visual and semantic skills along a very wide continuum, the VET and the SVET formats may be more easily adapted than a naming task.
General conclusions
Our goal was to create a battery of tests to measure semantic knowledge across a number of object categories for use in parallel with measures of visual expertise such as the VET (McGugin et al., 2012) . We wanted to provide evidence for these measures' reliability and validity and demonstrate how they can be used to study how domain-general abilities and domain-specific experience contribute to knowledge about objects.
The SVET 1.0 includes scales for eight object categoriesfour living categories and four nonliving-attempting to balance domains for which men and women may be expected to show a relative advantage. The concise task measures only one aspect of semantic knowledge, knowledge of object names and labels for a category, and can be completed by subjects who have low, moderate, or high levels of expertise in a domain. The SVET format is adaptable to many categories that have relevant nomenclature, and the tests could also be easily adapted for use in expert populations with the addition of more difficult trials. Researchers studying populations outside of the US or Canada might not be able to use the current tests, but could develop new measures in the same format.
The SVET 1.0 demonstrated acceptable internal consistency both in the laboratory in a young-adult sample (mean age = 22.49, SD = 6.31) and online in a sample that was on average older and also covered a larger age range (mean age = 35.82, SD = 12.45). Five of the subtests (shoe, car, leaf, plane, and Transformer) had internal consistencies over .7 in both samples, and the other three reached .7 in one of the two samples.
We provided evidence for the validity of the SVET (and the VET) in a number of ways: (1) SVETs showed domainspecific correlations with their corresponding VETs, a result that combines both convergent and discriminant validity; (2) similarly, SVETs showed domain-specific correlations with reports of experience; (3) the SVET discriminated experts from novices in the bird domain; and (4) SVETs were more related to domain-specific measures than to fluid intelligence or face recognition. Thus, measuring performance with several object categories allows the validation of the domain specificity of each test.
We hypothesized that the shared variance between the VET and SVET should primarily reflect domain-specific experience. In other words, after we removed the influence of domain-general variables (age, sex, Gf, and general ability in the VET and the SVET), we found that experience as measured by our self-report measure contributed independently and significantly to the VET-SVET relation for six of the eight categories we tested. Indeed, in several cases, regressing out experience left very little shared variance between VET and SVET, less than 3 % (the exception was cars, for which the correlation still accounted for 16 % of the variance). Whether the differences between categories that we found here will replicate or depend on properties of our specific samples remains to be seen. With a category for which there was great variability in the ability to name objects at the subordinate level, birds, we found that although bird naming may account for some of the variance shared by the VET and SVET, this variance was independent of self-reported experience with birds. In sum, we expect that as the measurement of experience improves, this construct will consistently and fully account for the overlap between visual and semantic knowledge.
This research program represents a new direction in individual-differences work in high-level vision. We applied a framework in which domain-specific measures can be used to estimate domain-specific effects after partialing out domain-general variance. Similar methods have been used in cognitive domains (Hambrick, 2003; Hambrick et al., 2007; Hambrick et al., 2008; Stanovich & Cunningham, 1992) but have not been applied to questions in object recognition. Our main goal was to provide a means to measure nonvisual domain-specific knowledge in a reliable manner, thereby demonstrating that individuals acquire at least two different kinds of knowledge (visual and nonvisual) from experience with a category. The creation of the SVET, and its use with the VET, should have many applications. They could be useful in the evaluation of patients with visual or semantic deficits (e.g., Behrmann & Avidan, 2005; Bozeat, Ralph, Patterson, Garrard, & Hodges, 2000) , in testing various explanations of sex differences in different domains (e.g., Gainotti, 2005; Laiacona et al., 2006) , and they should facilitate the development of models describing how different aspects of knowledge and experience are related, via more sophisticated methods such as structural equation modeling.
